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Reinstatement of neural activity is hypothesized to underlie our ability to mentally
travel back in time in order to recover the context of a previous experience. We
used intracranial recordings to directly examine the precise spatiotemporal extent of
neural reinstatement as 32 participants with electrodes placed for seizure monitoring
performed a paired associates episodic verbal memory task. By cueing recall, we were
able to compare reinstatement during correct and incorrect trials, and found that
successful retrieval occurs with reinstatement of a gradually changing neural signal
present during encoding. We examined reinstatement in individual frequency bands
and individual electrodes and found that neural reinstatement was largely mediated
by temporal lobe theta and high gamma frequencies. Leveraging the high temporal
precision afforded by intracranial recordings, our data demonstrate that high gamma
activity associated with reinstatement preceded theta activity during encoding, but
during retrieval this difference in timing between frequency bands was absent. Using
a time-warping algorithm, we quantify the time scale of this replay and show that
on average, retrieval exhibits replay of the spectral dynamics of encoding on a faster
timescale. This supports theories that memory retrieval consists of a temporally
compressed replay of encoding. Our results complement previous studies showing
that distributed patterns of neural activity are coordinated to encode a representation
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Reinstatement of neural activity is hypothesized to underlie our ability to recover
the internal representation of a previous experience, a process described as mental
time travel [2, 34, 38, 49]. These internal representations, which may reflect the ex-
ternal environment or internal mental states, form the context in which an episodic
memory is embedded. Central to the hypothesis of mental time travel is that context
representations in the brain gradually change over time, and that successful retrieval
of an episodic memory involves mentally jumping back in time to re-experience a
particular context [18, 19, 41, 45]. Consistent with this paradigm, when an episode
is successfully retrieved from memory, the memory for neighboring episodes that oc-
curred close in time is enhanced, an effect known as contiguity [28]. Yet despite
substantial behavioral data supporting this hypothesis, a number of important yet
unanswered questions remain regarding its underlying neural mechanisms.
Empiric support for neural reinstatement has largely emerged from functional
MRI studies that have used multi-voxel pattern analysis (MVPA) [7, 25, 42]. MVPA
relies on classifying neural activity during retrieval in order to dissociate broad ma-
nipulations such as category or task that are present during encoding [24, 29, 35, 40].
MVPA, however, is unable to directly examine whether successful retrieval reinstates
the neural representations of individual items. Representational similarity analysis
supports neural reinstatement of individual stimuli, [10, 43, 47], but this alternative
fMRI approach does not examine to what extent retrieval reinstates a changing neu-
ral representation of context. In addition, the limited temporal resolution of fMRI
studies make them unable to identify the precise spatiotemporal dynamics of neural
activity that distinguish successful and unsuccessful retrieval of individual events.
Intracranial EEG (iEEG) recordings offer an opportunity to explore the neural
mechanisms of reinstatement with high temporal and spatial precision. Spectral
power during retrieval has recently been shown to resemble activity present dur-
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ing encoding of neighboring items, providing neural evidence for the contiguity effect
particular to mental time travel [32]. However, because retrieval in this study was
unconstrained, one possibility is that the observed reinstatement was a consequence,
rather than a cause, of retrieval contiguity. Spiking activity in the medial temporal
lobe (MTL) has also been shown to reinstate activity present during encoding [20,36].
But it is unknown how the temporal dynamics of neural activity distinguish reinstate-
ment between correct and incorrect memory retrieval across broader cortical regions.
We directly investigated whether reinstatement of a gradually changing neural
representation of context occurs during successful retrieval and explore the precise
spatiotemporal dynamics that underlie this process. We investigate the reinstatement
of spectral power across multiple frequency bands and multiple electrode locations
during encoding and retrieval as patients with implanted subdural electrodes partic-
ipated in a verbal paired associates memory task. Paired associates memory tasks
offer an opportunity to directly explore these questions as explicit associations are
formed, and subsequently recalled, between pairs of items [17,27]. Hence, rather than
rely on a participant’s own retrieval strategy, we use direct experimental control over
retrieval to examine the relationship between retrieval cues and the reinstatement of
a drifting context representation.
Additionally, many studies have shown that increased synchronous brain activity is
a biomarker of successful memory encoding [26,50]. It remains unknown whether there
are specific patterns of brain connectivity that are present during encoding which are
reinstated during retrieval. In this study, we identify functional connectivity networks
using a mutual information (MI) metric and show that patterns of connectivity are
reinstated between encoding and retrieval.
A complete understanding of the spatiotemporal dynamics of the neural mecha-
nisms of memory formation and retrieval will be of great value in the development
of brain stimulation paradigms targeted to enhance memory function. Previous ef-
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forts to enhance memory function through electrical stimulation [48] have focused on
targets such as the hippocampus and entorhinal cortex, which have been shown to
be crucial for memory formation. However, many cortical areas are involved in the
formation and retrieval of memories [17,22,46]. By studying the precise electrophys-
iological signatures of memory throughout the entire cortex, other cortical regions
may be implicated as stimulation targets. Furthermore, the relationship between
stimulation parameters and the behavioral effects of stimulation are unknown. With
a clear understanding of the dynamics of spectral power in different frequency bands
and the underlying connectivity, the parameters of stimulation could also be targeted
to induce activity that is conducive to successful memory encoding and retrieval.
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4 Intracranial EEG (iEEG) recordings
In our study, participants with medication-resistant epilepsy underwent a surgical
procedure in which platinum recording contacts were implanted subdurally on the
cortical surface as well as deep within the brain parenchyma. For each participant,
the clinical team determined the placement of the contacts so as to best localize
epileptogenic regions. Data were collected at three different hospitals: the Clinical
Center at the National Institutes of Health (NIH; Bethesda, MD), the Hospital of
the University of Pennsylvania (UP; Philadelphia, PA), and Thomas Jefferson Uni-
versity Hospital (TJ; Philadelphia, PA). The research protocol was approved by the
institutional review board at each hospital, and informed consent was obtained from
the participants and their guardians.
Whereas each hospital used the same general implantation procedures and data-
acquisition techniques, our analysis had to account for technical details that varied by
institution. Intracranial EEG (iEEG) data were recorded using a Nihon Kohden (NIH
and TJ) or Nicolet (UP) EEG data acquisition system. Depending on the amplifier
and the discretion of the clinical team, EEG signals were sampled at 512, 1000, or
2000 Hz. Signals were referenced to a common contact placed subcutaneously, on
the scalp, or on the mastoid process. All recorded traces were resampled at 1000 Hz,
and a fourth order 2 Hz stopband butterworth notch filter was applied at 60 Hz to
eliminate electrical line noise. The testing laptop sent +/-5 V analog pulses via an
optical isolator into a pair of open lines on the clinical recording system to synchronize
the electrophysiological recordings with behavioral events.
We collected electrophysiological data from a total of 2670 subdural and depth
recording contacts (PMT Corporation, Chanhassen, MN; AdTech, Racine, WI). Sub-
dural contacts were arranged in both grid and strip configurations with an inter-
contact spacing of 10 mm. Hippocampal depth electrodes (6-8 linearly arranged
contacts) were placed in three patients. Contact localization was accomplished by co-
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registering the post-op CTs with the post-op MRIs using both FSL Brain Extraction
Tool (BET) and FLIRT software packages and mapped to both MNI and Talairach
space using an indirect stereotactic technique and OsiriX Imaging Software DICOM
viewer package. The resulting contact locations were subsequently projected to the
cortical surface of a Montreal Neurological Institute N27 standard brain [12]. Pre-op
MRI’s were used when post-op MR images were were not available.
We analyzed iEEG data using bipolar referencing in order to reduce volume con-
duction and confounding interactions between adjacent electrodes [39]. We defined
the bipolar montage in our data-set based on the geometry of iEEG electrode ar-
rangements. For every grid, strip, and depth probe, we isolated all pairs of contacts
that were positioned immediately adjacent to one another; bipolar signals were then
found by differencing the signals between each pair of immediately adjacent contacts.
The resulting bipolar signals were treated as new virtual electrodes (referred to as
electrodes throughout the text), originating from the mid-point between each contact
pair. All subsequent analyses were performed using these derived bipolar signals.
In total, our dataset consisted of 2779 electrodes (1154 left hemispheric, 1625 right
hemispheric).
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5 Encoding and Retrieval
5.1 Insights from Free Recall Task
To understand the interactions between encoding and retrieval, we must first under-
stand the mechanisms of each process individually. Previous studies by Burke, et
al. [4, 5] have analyzed iEEG during encoding and retrieval of a free recall task. In
this task, a list of words is presented sequentially during the encoding period. Next,
there is a delay period with a distractor task. Finally, the subject is asked to recall
as many words as possible from the list in any order.
Analyzing the data from this task, it was shown that high gamma (64 to 95Hz)
power increased during successful memory encoding and retrieval. During encoding,
two networks were identified that showed significantly greater high gamma power
during the encoding of words that were subsequently recalled compared to words
that were forgotten. The first network showed early activation, and is believed to be
involved in visual processing of the word. The second network showed subsequent
activation, and is believed to be involved in the memory storage of the word. The
early activation network is composed of the occipital lobes and the inferior temporal
lobes. The late activation network is composed of the left prefrontal cortex, and the
left posterior temporal lobe.
During memory retrieval, three networks were identified. The right temporal
lobe showed increased theta power during the onset of retrieval. Then, the medial
temporal lobes, the left prefrontal cortex, and the left posterior temporal lobe showed
increased high gamma power during memory retrieval. Lastly, the bilateral motor
language areas showed increases in high gamma power with vocalization of the recalled
word. Note that the regions activated during the late encoding period believed to
be responsible for memory storage are also activated during the memory retrieval
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period. This provides some evidence of reinstatement of general encoding and retrieval
mechanisms during free recall. In our study, we looked for these general encoding and
retrieval mechanisms during a paired associates memory task.
5.2 Paired Associates Task
32 participants (18 male; age 33.5 ± 2.2 years) with medication resistant epilepsy who
underwent a surgical procedure for placement of intracranial electrodes for seizure
monitoring participated in a verbal paired associates task (Fig. 1). Lists were com-
posed of four pairs of common nouns, chosen at random and without replacement from
a pool of high-frequency nouns. Words were presented sequentially and appeared in
capital letters at the center of the screen. Study word pairs were separated from
their corresponding recall cue by a minimum lag of two study or test items. During
the study period (encoding), each word pair was preceded by an orientation stimulus
(a row of capital X’s) that appeared on the screen for 300 ms followed by a blank
interstimulus interval (ISI) of 750 ms with a jitter of 75 ms. Word pairs were then
presented on the screen for 2500 ms followed by a blank ISI of 1500 ms with a jitter
of 75 ms. During the test period (retrieval), one randomly chosen word from each
study pair was shown, and the participant was asked to recall the other word from the
pair by vocalizing a response into a microphone. Each cue word was preceded by an
orientation stimulus (a row of question marks) that appeared on the screen for 300 ms
followed by a blank ISI of 750 ms with a 75 ms jitter. Cue words were then presented
on the screen for 3000 ms followed by a blank ISI of 4500 ms. Participants could
vocalize their response any time during the recall period after cue presentation. Vo-
calizations were digitally recorded and then manually scored for analysis. Responses
were designated as correct, as intrusions, or as passes when no vocalization was made
or when the participant vocalized the word ‘pass’. Intrusion and pass trials were
designated as incorrect trials. A single experimental session contained up to 25 lists.
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For analysis, we designated a single trial as the encoding period for a study word pair
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Figure 1 Paired associates task presentation. Timing of word and cue presentation is















































Figure 2 (A) Probability of correct recall for all study-test lags averaged across all par-
ticipants. Error bars represent standard error of the mean (SEM). (B) Response time
distributions (left) and average mean response times (right) for correct, intrusion, and pass
trials across all participants. Error bars represent SEM.
Participants studied 223 ± 23 word pairs and successfully recalled 41.0 ± 8.0%
words with a mean response time of 1831 ± 80 ms (Fig. 2B). On 11.8 ± 1.6%
of trials, participants responded with an incorrect word (intrusions). The mean re-
sponse time for intrusions was 2736 ± 116 ms. For the remaining study word pairs,
participants either made no response to the cue word, or vocalized the word ‘pass’.
Participants vocalized the word ‘pass’ with a mean response time of 3334 ± 207 ms.
A one-way ANOVA revealed no significant effect of study-test lag on recall probability
(F (4, 155) = 1.06, P = 0.38) (Fig. 2A).
To identify the general mechanisms that are involved in successful encoding and
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retrieval, we analyzed the progressions of theta and high gamma power. To do this,
we created brain plots showing the average z-scored power across subjects for each
frequency band for each 500ms window during the task. Figure 3 shows the progres-
sion of activity during encoding. The regions that show increases in high gamma
during successful encoding are similar to the regions that Burke, et al. [4] found to
show increases in high gamma during free recall encoding. This suggests a common
memory encoding mechanism across free recall and paired associates. This is not
unexpected because both tasks involve the visual presentation of a written word or
words that are supposed to be memorized. However, it is not a trivial finding because
there are substantial differences between the tasks. To summarize the findings, paired
associates encoding is characterized by an early increase in high gamma power in the
occipital lobes and the inferior temporal lobes and an early decrease in high gamma
power in the frontal lobes. This is followed by an increase in high gamma in the left
posterior temporal lobe and the left prefrontal cortex. The theta power generally
shows the same effects but in the opposite direction. High gamma and theta tend to
be negatively correlated [4].
Figure 4 shows the progression of activity during successful memory retrieval.
Here, we see that similarly to encoding, there is an early high gamma increase in the
occipital lobes and inferior temporal lobes. This is believed to be a neural signature
of visual processing of a word or words on the screen. As retrieval progresses, there
is a high gamma increase in the medial temporal lobes and the prefrontal cortices.
This pattern of activation is similar to the pattern of activation seen in spontaneous
retrieval during free recall [5]. Here, we have an explicit retrieval cue that begins
the retrieval process. It appears from our data that there is a progression of activity
from the occipital lobes to the inferior temporal lobes and to the medial temporal
lobes which causes the memory retrieval. The similarities between the progressions











Figure 3 The mean z-scored theta (3.5 - 8Hz) and high gamma (62-100Hz) power is shown
during four 500ms intervals during encoding. Time 0 is when the pair is shown on the
screen. Data is shown for successful encoding events averaged across subjects.
and retrieval, there is activity related to the processing of a visual cue and activity
related to the memory encoding or retrieval of information. There is considerable
overlap between the regions that are involved in encoding and those involved in re-
trieval. Lastly during retrieval, we see activation of bilateral speech motor areas that
are involved in the vocalization of a response. Note that the average time of vocal-
ization for a correct trial was 1831ms. Again we observe that the patterns of theta
activity generally inversely mirror the high gamma activity patterns. One additional
observation here is that the high gamma patterns of activation appears to be more
spatially precise than the broad activity patterns of theta.
Now that we have explored the general mechanisms of paired associates encoding
and retrieval, we will now consider the interactions between the two. The main aim











Figure 4 The mean z-scored theta (3.5 - 8Hz) and high gamma (62-100Hz) power is shown
during four 500ms intervals during retrieval. Time 0 is when the cue is shown on the screen.
Data is shown for correct retrieval events averaged across subjects. Mean response time is
1831ms.
6 Reinstatement of Spectral Power
6.1 Quantifying Reinstatement of Spectral Power
To assess the reinstatement of neural activity between encoding and retrieval, we
compared multi-dimensional representations of spectral power at every time point
during encoding and retrieval. Briefly, for every 500 ms temporal epoch, spaced every
100 ms (80% overlap), during the encoding and retrieval periods, we constructed a
feature vector containing spectral power information from five frequency bands (theta
3.5 - 8 Hz; alpha 8 - 12 Hz; beta 13 - 25 Hz; low gamma 30 - 58 Hz; high gamma 62 -
100 Hz) and from all electrode locations. We quantified reinstatement between every
11
temporal epoch during encoding and retrieval by calculating the cosine similarity
between feature vectors. Thus, for a single trial, we generate a precise temporal map
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Figure 5 Reinstatement of distributed spectral power. For every temporal epoch during
encoding and retrieval, the z-scored power from every electrode and every frequency band is
combined to create a single feature vector for that epoch. Reinstatement (cosine similarity)
for all encoding-retrieval pairs is shown for a single trial. The red lines correspond to the
time of word presentation during encoding and the time of vocalization during retrieval.
To compute the spectral power, we used 46 logarithmically-spaced wavelets rang-
ing from 2-100 Hz. During the encoding period, we convolved each wavelet with 6000
ms of iEEG data surrounding the presentation of word pairs, from 1500 ms before
stimulus presentation to 4500 ms after stimulus presentation. During the retrieval
period, we convolved each wavelet with 9500 ms of iEEG data. Data were time-
locked to vocalization and extended from 8000 ms before vocalization to 1500 ms
after vocalization. For trials in which patients did not respond, vocalization response
time was defined as a time randomly drawn from the distribution of response times
during the correct trials for that patient. These response times were not included
in the later analysis of response time distributions. One participant was instructed
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to vocalize her response only after the cue word disappeared from the screen. Her
response times were also not included in analysis of response time distributions. In
all cases, we included a 1000 ms buffer on both sides of the clipped data.
To quantify changes in spectral power during encoding and retrieval, we convolved
the bipolar iEEG signals with complex valued Morlet wavelets (wavelet number 6)
to obtain magnitude and phase information [1]. We squared and log-transformed
the magnitude of the continuous-time wavelet transform to generate a continuous
measure of instantaneous power.
We binned the continuous time transforms into 500 ms epochs spaced every 100
ms (80% overlap) and averaged the instantaneous power over each epoch. Each 500
ms epoch is marked with the time that corresponds to the end of the temporal epoch.
These time markings are used to indicate the time on the axes of the reinstatement
maps and in the calculations of peak reinstatement time.
To account for changes in power across experimental sessions, we z-transformed
power values separately for each frequency and for each session using the mean and
standard deviation of all 500 ms epochs for that session. For each temporal epoch,
we subsequently averaged the z-transformed power across five frequency bands: theta
(3.5Hz to 8Hz), alpha (8Hz to 12Hz), beta (13Hz to 25Hz), low gamma (30Hz to
58Hz), and high gamma (62 Hz to 100Hz).
For every temporal epoch in each trial, we constructed a feature vector comprised
of the average z-scored power for every electrode and for every frequency band. For
each encoding temporal epoch, i, and for each retrieval temporal epoch, j, we define
feature vectors as:
~Ei = [z1,1(i) . . . z1,F (i) . . . zL,F (i)]
~Rj = [z1,1(j) . . . z1,F (j) . . . zL,F (j)]
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where zl,f (i) is the z-transformed power of electrode l = 1 . . . L at frequency band
f = 1 . . . F in temporal epoch i. For L electrodes and F frequency bands, we thus
create a feature vector at each temporal epoch that contains K = L ∗ F features.
To quantify reinstatement during trial n, we calculated the cosine similarity be-
tween all encoding and retrieval feature vectors ~Ei and ~Rj for all pairs of encoding
and retrieval temporal epochs during that trial (Fig. 5). Cosine similarity gives a
measure of how close the angles of two vectors are in a multidimensional space. We
chose cosine similarity over Pearson’s correlation to measure reinstatement because
if all the elements of two feature vectors show increases in power from baseline, with
small additional random noise, then these two vectors should have high measured
reinstatement. Pearson’s correlation, a centered version of cosine similarity, would
give a low correlation in this case because of the noise fluctuations, while the cosine
similarity would be high, consistent with our interpretation of reinstatement. Thus,





where Cn(i, j) corresponds to the reinstatement of neural activity across all electrodes
and all frequencies between encoding epoch i and retrieval epoch j during trial n. For
every patient, we compute the reinstatement maps separately for all correct, intrusion,
and pass trials.
To calculate the reinstatement associated with every individual feature, k, we
followed a similar procedure. In this case, we constructed a vector comprised of the
z-scored power for that particular feature across all trials, n = 1 . . . N . Thus, for
every encoding temporal epoch, i, and every retrieval temporal epoch, j:
~Ei = [z1(i) . . . zN(i)]
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~Rj = [z1(j) . . . zN(j)]
where zn(i) is the z-transformed power of feature k for trial n = 1 . . . N in temporal
epoch i. For N trials, we thus create a vector containing N values for each feature
for each time point. We then calculate reinstatement of that particular feature by
calculating the cosine similarity between all encoding and retrieval vectors ~Ei and ~Rj
for all pairs of encoding and retrieval temporal epochs. Thus, for every feature, k, we
generate a reinstatement map, Ck(i, j), corresponding to the reinstatement of that
individual feature between encoding epoch i and retrieval epoch j across N trials.
For every participant, we compute the reinstatement maps for each feature for all
correct trials and for all incorrect trials.
6.2 Reinstatement Results
To assess differences in reinstatement between trial types across participants, we
computed the average reinstatement for each encoding-retrieval time pair across trials
for each participant and then computed the average of these reinstatement maps
across participants (Fig. 6, see Fig. 7 for single participant examples). We only
compared reinstatement between different trial types for an individual participant if
both trial types included a minimum of ten trials each. We used a nonparametric
clustering-based procedure [33] to assess whether there was a statistical difference
in the reinstatement maps between trial types across participants. This procedure
identifies contiguous time windows where reinstatement differs between trial types
using a permutation procedure while avoiding a priori assumptions about particular
temporal regions and correcting for multiple comparisons.
For every patient, we calculated the reinstatement map across trials for each trial
type. For group analysis (Fig. 6), we computed the average reinstatement map for
each individual, and then, for each encoding-retrieval time pair, we computed a p-
15
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Figure 6 (A) Mean reinstatement across all participants during correct, intrusion, and pass
trials. Black lines indicate the time of word presentation during encoding and the time of
vocalization during retrieval. (B) The difference in mean reinstatement between correct and
incorrect trials across all participants. We defined a temporal region of interest (tROI) for
subsequent analyses as all encoding-retrieval time pairs that exhibited significant differences
between the two trial types, outlined in black.
value and a t-statistic using a paired t-test comparing the distributions of averaged
reinstatement values across patients between trial types. For individual participant
analysis, we determined p-values for every encoding-retrieval time pair by using an un-
paired t-test comparing the distributions of reinstatement values between trial types.
In all analyses, we then permuted trial labels 1000 times, and for each permutation,
calculated the reinstatement map for the surrogate trials from each trial type and
repeated the t-test between trial types for each encoding-retrieval pair. For individ-
ual feature analysis, we assigned a p-value to every encoding-retrieval time pair by
comparing the true difference in reinstatement between correct and incorrect trials
to the distribution of differences found in the permuted cases for that time pair. For
all analyses, in the true case and each of the permuted cases, we identified contigu-
ous clusters of encoding-retrieval time pairs in which the p-value was below 0.05.
For each cluster, we computed a cluster statistic by taking the sum of the t-statistic
across all encoding-retrieval time pairs in that cluster. In this manner, large clusters
statistics can arise either from large differences in reinstatement between trial types
that extend over a short duration or from weaker differences that persist over longer
time periods. In each permutation (n=1000), we saved the largest observed cluster
















































































































Figure 7 Reinstatement in individual participants. (A) Mean reinstatement for a single
participant during all correct and incorrect trials. Color represents the mean reinstatement
for each encoding-retrieval time pair, calculated by including all features for that participant
across all trials. Black lines indicate the time of word presentation during encoding, and
the time of vocalization during retrieval. (B) Difference in mean reinstatement between
correct and incorrect trials for this participant. Encoding-retrieval time pairs exhibiting
significant differences between the two conditions are outlined in black. (C) Mean rein-
statement for a second participant during all correct and incorrect trials. (D) Difference in
mean reinstatement between correct and incorrect trials for this participant.
would arise by chance. To generate a p-value for each cluster observed in the true
dataset, we compared the position of the true cluster statistic to the distribution of
maximum cluster statistics from the permuted cases. Clusters were determined to be
significant if their p-value calculated in this manner was less than 0.05.
When we examined reinstatement during the retrieval period time locked to vo-
calization across participants, we found significantly greater reinstatement during
correct trials compared to both pass trials and intrusion trials (Fig. 6; Fig. 8). We
identified temporal encoding and retrieval epochs where reinstatement during correct
trials was significantly greater than during incorrect trials, and defined this as our
temporal region of interest (tROI) for further analyses (P < 0.001, permutation test;
black outline, Fig. 6B). In a post-hoc analysis, we found that the mean reinstatement
over the tROI, averaged across participants, was significantly greater during correct
compared to both intrusion and pass trials (t(29) = 5.19, P = 0.00001 for correct
vs pass, paired, two-tailed; t(24) = 4.47, P = 0.0002 for correct vs intrusion). We
17



































































Figure 8 Differences in reinstatement between trial types. The average difference in mean
reinstatement between correct and pass trials (left), between correct and intrusion trials
(middle), and between intrusion and pass trials across all participants using all features,
time locked to vocalization. Encoding-retrieval time pairs exhibiting significant differences
between the two conditions are outlined in black.
identified the encoding-retrieval time pair within the tROI for each participant that
exhibited the greatest reinstatement during correct trials and found that the peak
encoding time occurred 1.68± 0.17 seconds after the presentation of the study pair,
and the peak retrieval time occurred 0.44± 0.064 seconds prior to vocalization.
Reinstatement during memory encoding and retrieval may reflect trial-specific
reinstatement of neural activity or general encoding and retrieval mechanisms. To
investigate these possibilities, we compared the reinstatement observed during correct
trials to reinstatement computed when we shuffled trial labels. We first shuffled the
labels of all retrieval periods and calculated reinstatement between the true correct
encoding periods and the shuffled retrieval periods. We found that the average re-
instatement in the tROI originally observed with our data was significantly greater
than reinstatement in this shuffled distribution (t(29) = 8.50, P < 10−8, paired,
two-tailed; Fig. 9A,B, Shuffle All). We next shuffled the labels of only the correct
retrieval periods and calculated reinstatement between the true correct encoding pe-
riods and the shuffled correct retrieval periods. If reinstatement reflects a general
encoding and retrieval process, then reinstatement calculated using shuffled correct
retrieval periods should be identical to that observed using the original correct trials.
Instead, we found that mean reinstatement in the tROI was significantly less when we
used the shuffled compared to the true correct trials (t(29) = 6.58, P < 10−6, paired,
18
two-tailed; Fig. 9A,B, Shuffle All Correct). When we restricted shuffling to only swap
retrieval periods from adjacent correct trials, we also found that mean reinstatement
in the tROI during correct trials was significantly greater than that calculated using
the shuffled adjacent correct trials (t(29) = 4.81, P = 0.00004, paired, two-tailed;



























-4 -3 -2 -1 0 1
Retrieval 
Time (s)
-4 -3 -2 -1 0 1
Retrieval 
Time (s)

































Figure 9 (A) Mean reinstatement during correct trials across all participants when shuffling
neighboring correct retrieval periods (left), all correct retrieval periods (middle), or all
retrieval periods from all trial types (right). (B) Mean reinstatement across all participants,
averaged over the tROI for each participant, during each shuffled permutation shown in (A).
Error bars represent SEM across participants.
We investigated the differential effect of shuffling on correct versus incorrect trials
(Fig. 10). On average, there was a larger decrease in reinstatement over the tROI for
shuffling correct trials (0.0227 ± 0.0034) versus shuffling incorrect trials (0.0189 ±
0.0035), but this difference was not statistically significant (t(29) = 1.25, P = 0.23,
paired, two-tailed). As with the correct trials, the observed decreases with shuffled
incorrect trials suggests that the extent of reinstatement observed during incorrect
trials was largely related to the elapsed time between study and test.
The decreases in mean reinstatement observed with greater shuffling may be re-
lated to the amount of elapsed time between the true encoding and shuffled retrieval
period. We therefore examined whether neural activity during an experimental ses-
sion exhibited a slow temporal drift. We chose an identical temporal epoch from every
encoding event (0 - 500 ms before stimulus presentation), and calculated the cosine
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Figure 10 Differential effect of shuffling on correct vs. incorrect trials. (A) Mean rein-
statement during correct trials across all participants (left) and when shuffling all correct
retrieval periods (right). (B) Mean reinstatement during incorrect trials across all partici-
pants (left) and when shuffling all incorrect retrieval periods (right). For (A) and (B), black
lines indicate the time of word presentation during encoding and the time of vocalization
during retrieval.
aged the resulting values over all pairs separated by the same amount of time within
and then across participants and binned the data separately into five and 60 second
bins (Figure 11A,B). Because five second time bins approximately correspond to the
timing of individual item presentation, the resulting data reflects the neural similar-
ity between items separated by different lags within the same list. We examined the
slopes of the resulting regressions and found that neural similarity was significantly
related to the time between experimental events on both small and large time scales
(five second bins, slope = −.0141 ± .0021, t(29) = −6.71, P < 10−6, one-sample,
two-tailed; 60 second bins, slope = −.0053± .0011, t(29) = −4.67, P = 0.00006).
We hypothesized that reinstatement during correct trials principally arose because
neural activity jumped back in time to reinstate context present during encoding. To
directly examine this, we identified the serial position during encoding of each correct
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Figure 11 Neural reinstatement is shaped by temporal context. (A) Temporal autocorre-
lation of distributed oscillatory power during encoding. Plot shows the cosine similarity of
neural activity between all pairs of time epochs from 0 - 500 ms before stimulus presentation
during encoding. Data is shown for events separated by different lengths of time, separated
into 5 second bins. (B ) Same as (A), with data separated into 60 second bins. (C) Mean
tROI reinstatement across all participants between each retrieval period and each encoding
period from the associated study list (black correct, red incorrect). For (A-C), solid lines
indicate the best fit regression line averaged across participants, and error bars represent
SEM across participants.
positions within the same study list. In this manner, a true pairing would have a lag
of 0, while a lag of 1 (-1) would correspond to a pairing between the true retrieval
period and the encoding period of the subsequent (previous) item in the study list.
We computed the average tROI reinstatement for each pairing across participants.
If the reinstatement of temporal context governs the observed similarity, then neural
activity during retrieval should be most similar to activity during the encoding period
of the same pair, and should fall off with both positive and negative lag. Conversely,
if temporal drift accounts for the observed similarity, then neural activity during
retrieval should be most similar to activity during the most recent encoding period
(i.e., most positive lag).
For correct trials, we found that each retrieval period exhibited maximum rein-
statement with the true encoding period, and that when paired with other encoding
periods from the same list, mean reinstatement decreased with both positive and
negative lag (Fig. 11C). We regressed mean reinstatement with lag and found an
average slope that was positive across participants when retrieval periods were paired
with previous encoding periods (negative lag, slope = .0068 ± .0018), and an av-
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erage slope that was negative when retrieval periods were paired with subsequent
encoding periods (positive lag, slope = −.0037± .0014). The decrease in mean rein-
statement observed with positive and negative lags during correct retrievals suggests
that successful reinstatement was shaped by the reinstatement of temporal context
during encoding. We performed the same analysis using incorrect trials, and found
that mean reinstatement across participants exhibited a progressive increase with en-
coding lag (slope = .0023 ± .0006). The increase with encoding lag suggests that
measured reinstatement during incorrect trials is governed most by temporal prox-
imity to the item at test. To directly assess whether the reinstatement of temporal
context during encoding was particular to correct retrieval, we compared the relation
between positive lag (0 - 2) and mean reinstatement during correct trials to the rela-
tion between positive lag and mean reinstatement during incorrect trials. We found
that the relation between reinstatement and positive lag was significantly different
between correct and incorrect trials (t(29) = −3.41, P = 0.0019, paired, two-tailed).
To assess the contributions of different frequency bands to reinstatement, we cal-
culated the mean reinstatement during correct trials over our tROI using only features
from each frequency band and found a significant effect of frequency on mean rein-
statement (F (4, 145) = 3.34, P = 0.012, one-way ANOVA; Fig. 12A). Pair-wise
t-tests showed that reinstatement was significantly greater in both high gamma and
theta as compared to alpha and beta (t(29) > 2.34, P < 0.03, paired, two-tailed), but
there was no difference between theta and high gamma (t(29) = −1.26, P = 0.22).
We next examined the temporal dynamics underlying the contributions of different
frequencies to reinstatement during correct trials. First, we calculated the mean re-
instatement for all encoding-retrieval time pairs across participants using only theta
or high gamma features and observed that the time periods exhibiting significant
differences in reinstatement between correct and incorrect trials varied between fre-
quency bands (Fig. 12B). We then averaged mean reinstatement, calculated using
22
only features drawn separately from each frequency band, over all encoding temporal
epochs defined in the tROI. High gamma and theta features exhibited the largest rises
in reinstatement during correct trials, peaking immediately before vocalization (Fig.
12C top). We then averaged mean reinstatement over all retrieval epochs defined in
the tROI separately for each frequency band. First high gamma, and then theta, ex-
hibited peaks in reinstatement around one second following word presentation during
encoding (Fig. 12C bottom).
A




















-4 -3 -2 -1 0 1
Retrieval Time (s)













































Figure 12 Neural reinstatement is mediated by temporally precise theta and high gamma
frequency activity in specific anatomic locations. (A) Mean reinstatement for all features in
each frequency band averaged over the tROI for each participant. Error bars represent SEM
across participants. (B) Mean reinstatement of correct trials across all participants for theta
(left) and high gamma (right) frequency bands. Regions of significant difference between
correct and incorrect trials are outlined in black. Black lines indicate time of vocalization
during retrieval and time of pair presentation during encoding. (C) Mean reinstatement for
each frequency, averaged over all encoding (top) or retrieval (bottom) time periods defined
by the tROI, for all retrieval (top) or encoding (bottom) times. Color represents the average
mean reinstatement for each frequency across participants. The black lines indicate the
point of vocalization during retrieval (top) and the point of stimulus presentation during
encoding (bottom).
As reinstatement seemed to be principally mediated by theta and high gamma
frequencies, we visualized the anatomic regions, separately for each frequency band,
that contained features exhibiting significant differences in mean reinstatement over
the tROI between correct and incorrect trials across participants. Only regions that
had electrodes from five or more participants were included in this analysis (Fig. 13).
We rendered all spatial regions exhibiting significant differences across participants
(P < 0.004, permutation procedure, FDR corrected), where color intensity represents
mean reinstatement during correct trials for that spatial region and frequency (Fig.




































Figure 13 Neural reinstatement localizes to specific anatomic locations. (top) Electrode
coverage across all 32 participants. Bottom 5 rows show anatomic regions exhibiting sig-
nificant differences in reinstatement for all theta, alpha, beta, low gamma and high gamma
features betweencorrect and incorrect trials across all participants. Only spatial ROIs with
features exhibiting significant differences are colored. Color represents the mean reinstate-
ment across correct trials, averaged across all participants, for all features contributing to
each ROI.
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in the inferior temporal lobes bilaterally in both theta and high gamma frequency
bands. We also found significant reinstatement in the right ventrolateral prefrontal
cortex in theta, and bilaterally in high gamma. In high gamma, we also found areas of
significant reinstatement that included the prefrontal cortex, the right supplementary
motor area, the right temporo-parietal junction, the left posterior lateral temporal
lobe, and the right occipital lobe.
To determine the spatial distribution of reinstatement, we first created 888 spa-
tial regions of interest (sROI) evenly spaced every 9.64 ± 0.02 mm on the cortical
surface of a Montreal Neurological Institute N27 standard brain. We also created an
additional 741 sROI’s within the brain parenchyma, evenly spaced every 9.58 ± 0.02
mm. We grouped spatially similar electrodes from different participants by identifying
electrodes that fell within 12.5 mm of each sROI.
In order to determine whether a particular sROI exhibited significant differences
in reinstatement between correct and incorrect trials across participants, we used a
permutation procedure. We calculated the difference in mean reinstatement over the
tROI between correct and incorrect trials for each feature for each participant. We
grouped similar spatial features within each sROI by taking the average of those dif-
ferences within participants, and then for each sROI calculated the average difference
across all participants with features in that sROI. We then permuted the trial la-
bels for the trial types 1000 times and calculated a distribution of average differences
across participants for each sROI. To generate a p-value for the differences in rein-
statement for a given sROI, we determined the position of the true average difference
in the distribution of permuted average differences. We used a false discovery rate
(FDR) procedure with q = .05 applied to all p-values from all sROI’s to correct for
multiple comparisons [16]. To determine whether an sROI exhibited significant dif-
ferences in reinstatement in an individual, we did not use the across-participant tROI
as each individual exhibits unique patterns of reinstatement. Instead, we used the
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nonparametric clustering procedure to identify a significant temporal cluster for each
sROI, with the constraint that the peak value of reinstatement within that cluster
must occur within 4 sec of word presentation during encoding and between 3 sec prior
to 1 sec after vocalization during retrieval.
To visualize the spatially precise changes in reinstatement across all participants,
we identified sROI’s that exhibited a significant (p < 0.004, FDR corrected across all
sROI’s) difference in reinstatement between correct and incorrect trials for all features
in each frequency band. Cortical topographic plots were rendered by assigning each
vertex in the 3D rendered image of the standard brain a weighted average of the mean
correct reinstatement of each sROI that includes that vertex. Weighted reinstatement
values for each vertex within a single sROI were assigned by convolving the value of
the sROI with a three dimensional Gaussian kernel (radius = 12.5 mm; σ = 4.17
mm) with center weight 1. The value of each vertex on the standard brain was there-
fore computed by taking the average of the weighted contributions of all overlapping
sROI’s. We projected these vertex values onto the standard brain using information
from the WFU PickAtlas toolbox [31] (Fig. 13). All colored regions, independent of
color intensity, identically indicate one-tailed significance at the p < 0.004 level as de-
termined by the permutation procedure. For individual topographic plots, all colored
regions indicate significance at the p < .05 level as determined by the permutation
procedure. Intensity varied as a function of reinstatement strength and with the
standard deviation of the Gaussian kernel, which was used purely as a visualization
technique to identify areas in which many contiguous sROI’s exhibited statistically
significant changes in reinstatement.
Because we observed that the specific time periods of reinstatement varied be-
tween participants, between frequency bands, and between lobes, we hypothesized
that the time course of reinstatement for individual neural features would also vary.
We examined differences in reinstatement between correct and incorrect trials for in-
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dividual features in individual participants. For each participant, we visualized the
anatomic regions and frequency bands that contained features exhibiting significant
differences between correct and incorrect trials (Fig. 14A). On average, 11.3% ± 0.9%
of features demonstrated significant differences in reinstatement for a given partici-
pant (P < 0.05, permutation test). The encoding-retrieval time regions exhibiting
significant differences in reinstatement varied among features (Fig. 14A). For each
feature, we identified the encoding-retrieval time pair that exhibited the maximum
reinstatement during correct trials within these identified time regions. When we
examined the timing distribution of all significant theta and high gamma features,
we found that peak encoding times were significantly greater for theta features than
for high gamma features (t(414) = 2.90, P = 0.004, unpaired, two-tailed; Fig. 14B).
Peak retrieval times did not significantly differ between theta and high gamma fea-
tures (t(414) = 0.37, P = 0.71).
To further investigate the differences in the timing of reinstatement, for each par-
ticipant, we calculated the difference between the peak encoding and peak retrieval
times for all significant theta and high gamma features. We first only included indi-
vidual electrodes that demonstrated both significant theta and high gamma reinstate-
ment, and found that peak high gamma activity significantly preceded peak theta
activity during encoding across participants (Fig. 14C; t(20) = 3.46, P = 0.003,
one-sample, two-tailed). Notably, during retrieval, we found no difference in peak
theta and high gamma times (t(20) = 1.49, P = 0.15). The difference we observed
in encoding times between high gamma and theta was significantly greater than the
difference in retrieval times in these electrodes (P = 0.039, permutation test), which
were mostly located in the left posterior temporal lobe, the right fronto-temporal
region, and the bilateral temporo-occipital areas (Fig. 14D). We next included all
electrodes that exhibited either significant high gamma or theta reinstatement, and































































































































Figure 14 High gamma reinstatement precedes theta during encoding but not during re-
trieval. (A) Mean reinstatement during correct trials of one theta (top) and one high gamma
(bottom) feature in a single participant. Encoding-retrieval time pairs exhibiting significant
differences between correct and incorrect trials are outlined in black. The anatomic location
of the individual features are represented as white circles on the topographic plots. Topo-
graphic plots represent anatomic regions exhibiting significant differences in reinstatement
between correct and incorrect trials for all theta and high gamma features for this partici-
pant. (B) Distributions of peak encoding and retrieval times across all participants for theta
(top) and high gamma (bottom) features exhibiting significant differences in reinstatement
between correct and incorrect trials. (C) Differences in peak reinstatement times between
theta and high gamma features during encoding and retrieval. Differences in peak time are
shown for all electrodes that exhibit significant reinstatement in both theta and high gamma
on the left (single dagger). Peak time differences are shown for all electrodes in the left and
right temporal lobes that exhibit either theta or high gamma reinstatement are shown in
the middle and on the right, respectively (double dagger). Asterisks indicate a difference
between peak theta and high gamma time that is significantly greater than zero (P < 0.05)
or a significant difference between encoding time differences and retrieval time differences
(P < 0.05). Error bars represent SEM across participants. (D) Percent of participants with
electrodes in a given spatial ROI that exhibited significant reinstatement in both theta and
high gamma.
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frequency for different anatomic regions. Across participants, the left temporal lobe
exhibited a significant difference in peak time of high gamma and theta reinstatement
during encoding (t(10) = 4.18, P = 0.002, one-sample, two-tailed; Fig. 14C; right
medial temporal lobe t(5) = 2.74, P = 0.041, not shown; other regions P > 0.05).
Conversely, during retrieval, we found no anatomic region that exhibited significant
differences in the peak time of theta and high gamma reinstatement (P > 0.05).
We examined reinstatement during the retrieval period time locked to cue pre-
sentation and found that reinstatement during correct trials was significantly greater
than during incorrect trials, and the time where these differences were significant ex-
tended between 1 to 2 sec during the encoding period and between 0.5 and 1.3 sec
after word presentation (P = 0.013, permutation test; Fig. 15A,B). However, we also
found that reinstatement of neural activity was present in all three trial types when
locked to cue presentation during retrieval (Fig. 15A). We found time regions with
significant differences in reinstatement between correct and pass trials and between
intrusion and pass trials, although we did not find significant differences between cor-
rect and intrusion trials (Fig. 15C). We computed the mean reinstatement over the
time region that exhibited significant differences between correct and incorrect trials
for each participant and averaged across participants for each trial type. We found
that the mean reinstatement over this time region was significantly greater during
correct compared to pass trials (t(29) = 6.53, P < 10−6 for correct vs pass, paired,
two-tailed; t(24) = 0.25, P = 0.40 for correct vs intrusion; Fig. 15D).
To investigate why the differences in reinstatement were greater when time locked
to vocalization as compared to when time locked to cue presentation, when rein-
statement appeared in all three trial types, we examined the z-scored power during
every temporal encoding and retrieval epoch for every electrode and for every fre-
quency. While we found a number of electrodes that exhibited changes in activity





















































































































Figure 15 Neural reinstatement time-locked to cue presentation. (A) Mean reinstate-
ment across all participants during all correct, intrusion, and pass trials, time locked to cue
presentation during retrieval. Color represents the average mean reinstatement across par-
ticipants for each encoding-retrieval time pair, calculated by including all features for each
participant. Black lines indicate the time of word presentation during encoding and the
time of cue presentation during retrieval. (B) The average difference in mean reinstatement
between correct and incorrect trials across all participants, time locked to cue presentation.
Time pairs with significant differences between the two conditions are outlined in black. (C)
The average difference in mean reinstatement between correct and pass trials (left), between
correct and intrusion trials (middle), and between intrusion and pass trials (right) across
all participants using all features, time locked to cue presentation. Encoding-retrieval time
pairs exhibiting significant differences between the two conditions are outlined in black. (D)
The mean reinstatement over the time region identified in (B) for each participant, averaged
across participants for correct, intrusion, and pass trials. Error bars represent SEM.
electrodes that demonstrated increases in oscillatory power time-locked both to word
presentation during encoding and to cue presentation during retrieval (Fig. 16B).
If reinstatement were solely due to reactivation of these visually responsive features,
then we would expect to see no difference in reinstatement between correct and in-
correct trials as these features would equally respond to cue presentation in both
conditions. In this scenario, the observed differences in reinstatement when locked to
vocalization could be explained by differences in response time distributions (Fig. 2B)
since correct trials, having faster and more consistent response times, would exhibit
cue-evoked visual responses that are more aligned immediately prior to vocalization.
We note, however, that even when locked to cue presentation, there still remain tem-
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poral regions with significantly greater reinstatement during correct trials compared
to pass trials, suggesting that these regions reflect reinstatement related to memory
encoding (Fig. 15C).
To account for differences in response time distributions between correct and in-
correct trials, we computed the mean reinstatement after assigning response times
of incorrect trials with response times that were drawn from the distribution of cor-
rect response times (Fig. 16C). This eliminates any discrepancies in reinstatement
that may arise from differences in response time distribution, and aligns any visually
evoked reinstatement in both conditions. We found significantly greater reinstate-
ment during correct trials compared to incorrect trials extending from 1 sec before to
0.2 sec after vocalization and from 0.8 to 2.8 sec following word presentation during
encoding (P = 0.008, permutation test; Fig. 16D).
In order to identify features that respond to a visual stimulus, we examined re-
instatement during pass trials time-locked to cue presentation (Fig. 15A). Because
participants did not successfully recall items during these trials, this reinstatement
represents the reinstatement of visually evoked activity. We identified which tem-
poral region exhibited visually evoked reinstatement by comparing the distribution
of reinstatement across participants at each encoding-retrieval time pair during pass
trials to the average reinstatement across all encoding-retrieval time pairs during pass
trials using a t-test. We identified any encoding-retrieval time pair with P < 9.81e−6
(Bonferroni corrected across all possible encoding-retrieval time pairs) as exhibiting
a significant visual response. The maximum cue-locked retrieval time that exhibited
significant reinstatement during pass trials was 1300 ms after cue presentation. We
defined this time as the extent of visually evoked reinstatement.
We then identified individual features that exhibited a visual response by exam-
ining changes in z-scored oscillatory power between cue presentation and 1300 ms








































































































































































































































































Figure 16 Significant differences in reinstatement persist when accounting for visual re-
sponse confounds. (A) z-scored high gamma power for a single electrode in the left temporal
lobe during correct (left) and pass (right) trials during encoding (top) and retrieval (bottom).
Note that activity is not time locked to visual presentation in correct retrieval trials. (B)
Same as (A) for an electrode in the left occipital lobe. Note that activity is locked to visual
presentation in all trials. For (A) and (B), black line during encoding represents the time
of word presentation, black lines during retrieval represent the time of cue presentation
and subsequent vocalization for each trial, and trials are sorted by response time during
retrieval. (C) Mean reinstatement calculated after assigning all incorrect trials a response
time randomly drawn from the distribution of response times observed during correct trials.
(D) The difference in mean reinstatement between correct and incorrect trials from (C). (E)
Mean reinstatement calculated after removing features that exhibited a significant visual
response during pass retrieval trials. (F) The difference in mean reinstatement between
correct and incorrect trials from (E). (G) Mean reinstatement calculated after removing all
trials with a response time less than 2.3 seconds. (H) The difference in mean reinstatement
between correct and incorrect trials from (G). For (C)-(G), black lines indicate the time
of word presentation during encoding, and the time of vocalization during retrieval. For
(D), (F), and (H), encoding-retrieval time pairs exhibiting significant differences between
the two conditions are outlined in black.
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tailed t-test) change in mean z-scored oscillatory power from baseline over this time
window (0 to 1300 ms during retrieval) was labelled as a visually responsive feature.
We identified 177 ± 17 such features per participant. We removed these features and
compared reinstatement time locked to vocalization between correct and incorrect tri-
als using the remaining features (Fig. 16E). We found significantly greater oscillatory
reinstatement during correct trials compared to incorrect trials extending from 1 sec
before to 1 sec after vocalization and from 0.3 to 4 sec following word presentation
during encoding (P = 0.002, permutation test; Fig. 16F).
To further isolate reinstatement unrelated to visual responses, we also discarded
all trials with response times less than 2300 ms (allowing at least one additional
second after any visually responsive effects during retrieval). This eliminates any
advantage correct trials may have due to faster and more consistent response times
as the remaining trials are associated with a significant time delay between visual
presentation and vocalization. We compared reinstatement time locked to vocaliza-
tion between the remaining 23 ± 8 correct trials and the 55 ± 7 incorrect trials (Fig.
16G). Mean reinstatement was again significantly greater during correct trials com-
pared to incorrect trials from 1 sec before to 0.3 sec after vocalization and during 2
to 3 sec following word presentation during encoding (P = 0.012, permutation test;
Fig. 16H).
To investigate the changes in spectral power that contribute to reinstatement in
selected features that exhibited significant differences in reinstatement between cor-
rect and incorrect trials, we analyzed the average z-scored power during the encoding
and retrieval epochs defined by the tROI. A positive (negative) average z-score indi-
cates an increase (decrease) in power during successful encoding or retrieval. Power
may either increase or decrease during both encoding and retrieval. For theta (high
gamma) features that exhibit significant differences in reinstatement between cor-
rect and incorrect trials, 26.3 ± 5.4% (50.3 ± 5.2%) showed increases while 47.8 ±
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6.3% (24.5 ± 4.2%) showed decreases during both encoding and retrieval. 25.5 ±
4.5% (25.2 ± 3.5%) of these identified features showed inconsistent changes between
encoding and retrieval. Overall, theta features contributing to reinstatement most
likely showed power decreases while high gamma features most likely showed power
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Figure 17 Reinstatement occurs with high fidelity using selected features. (A) Mean
reinstatement of correct and incorrect trials across all participants including all features
that exhibited a significant difference in reinstatement between correct and incorrect trials
over the tROI. Black lines indicate time of vocalization during retrieval and time of pair
presentation during encoding. (B) Difference in mean reinstatement between correct and
incorrect trials including all significant features. Regions of significant difference are outlined
in black.
Our data suggest that the reinstatement of neural activity observed in Figure
6 is mostly driven by a small set of individual features in specific spatial locations
and in specific frequency bands. We identified these features by selecting all features
that exhibited a significant difference between reinstatement across correct trials and
reinstatement across incorrect trials over the tROI (P < 0.05, permutation test). We
examined reinstatement of neural activity using only those identified features (Fig.
17A) and found, again, that there was significantly greater reinstatement during
correct trials compared to incorrect trials (P < 0.001, permutation test; Fig. 17B).
We identified the encoding and retrieval time that exhibited peak reinstatement using
these selected features during correct trials, and found that the extent of reinstatement
at this time was significantly greater than the reinstatement at the peak encoding and
retrieval time for correct trials when using all features (t(29) = 12.52, P < 10−12).
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7 Timescale of Encoding and Retrieval Processes
Many of the analyses performed thus far have suggested that the progression of ac-
tivity that occurs during retrieval occurs on a faster timescale than the progression
of activity during encoding. Specifically, the evidence presented in Figure 10 suggests
replay of activity occurs on a faster timescale during retrieval. The reinstatement
map showing both encoding and retrieval time-locked to cue presentation (Figure 18)
provides further evidence of this. In this plot, a black line is drawn along the y=x line
to show that the reinstatement does not fall along this line as it would if the replay
of activity during retrieval occurred on the same timescale as encoding. Instead, the
reinstatement is elongated along the encoding axis. This suggests that the activity
























Figure 18 Reinstatement map for correct trials, where time 0 on the encoding axis is when
the pair of words is presented on the screen. During retrieval, time 0 here is when the
cue is presented on the screen. A black line is drawn along the y=x line to highlight the
asymmetry of the reinstatement effect.
7.1 Time Warping Algorithm
In order to explicitly measure the differences in the timescales between encoding and
retrieval, a time warping algorithm was applied to the average power trace for each
brain region. This algorithm was applied to every spatial ROI and done independently
for the high gamma and theta power traces. For each subject, for each electrode,
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for each frequency band, the average power trace was computed for encoding and
retrieval across all correct trials. Then, the average power traces were averaged across
electrodes within each spatial ROI. This was done so that for each spatial ROI and
frequency band, we have an average encoding trace from -0.5 sec to 4 seconds (time
0 is when the pair was presented) and an average retrieval trace from -0.5 sec to 4
seconds (time 0 is when the cue was presented). Now, the retrieval trace is stretched or
compressed to best match the encoding trace from 0 to 2 sec. This is done by changing
the timescale of the retrieval trace and then interpolating the retrieval trace so that it
is sampled at the same points as the encoding trace. The optimal time scaling factor
is determined as the time scaling factor that yields the maximum correlation between
the encoding trace from 0 to 2 seconds and the warped retrieval trace. A time scale
factor less than 1 indicates that the retrieval trace has been stretched (which would
correspond to retrieval occurring on a faster timescale), and a factor greater than 1
indicates the opposite. The range of timescales that are searched is from 0.5 to 2.
A timescale factor of 0.5 would mean that retrieval processes occurs twice as fast as
encoding, while a factor of 2 would mean that retrieval occurs two times slower. An
example of this algorithm being applied is shown in Figure 19.
The warping algorithm was applied to every region of the brain for theta power
and high gamma power. However, this warping algorithm could be applied to any two
arbitrary signals and would yield some optimal scale factor. In order to determine
that a particular region exhibited patterns of spectral power that were similar enough
between encoding and retrieval that one could be considered a warped version of the
other, we performed a permutation test to establish that the maximum correlation
achieved was significantly greater than what you would expect to see by chance.
For each of 500 permutations, each region for each subject was randomly paired
with another region from that subject. A region was considered to have achieved a
significant correlation if the true correlation was greater than 95% of the permuted
36





























Figure 19 (A) For each brain region, a warping algorithm was applied to determine the
optimal scaling factor to maximize the correlation of the power between encoding and
retrieval. The retrieval trace is warped to best match 0-2 seconds during encoding. Dashed
grey lines indicate this region. This is an example of high gamma power in the inferior
temporal gyrus. (B) Here, the scaling factor that maximizes the correlation is 0.75 (indicated
by green star), which means that retrieval occurs on a faster timescale than encoding. A
scale factor greater than 1 would indicate that retrieval occurs on a slower timescale.
correlations. The average maximum correlations that were achieved for each region
are shown in Figure 20A.
7.2 Timescale Analysis
Many brain regions were able to achieve significant correlations with the time warping
function applied. For each subject, the average scale factor was computed for all the
regions that achieved a significant correlation. Then the distribution of average scale
factors was considered across subjects for both theta and high gamma power. For
theta and high gamma, the mean scale factors across subjects were 0.92 ± 0.03 and
0.95 ± 0.02, respectively. The mean scale factors for theta and high gamma were
significantly different from 1 (Theta: P = 0.005, t-test. High gamma: P = 0.049,
t-test). Figure 20B (top) shows the scale factors for the regions that achieved a
significant correlation across subjects. Figure 20B (bottom) shows the scale factors
for regions that achieved a significant correlation across subjects and scale factors
37
Theta High Gamma






0.6 0.8 1.0 1.2 1.4
Scale factor
A
B Theta High Gamma
Figure 20 (A) The average correlation that was achieved with the optimal warping shown
for each brain region for theta and high gamma. (B) The top row of brains shows the average
scaling factors for regions that were able to achieve a significant correlation (P < 0.05,
permutation test, uncorrected) with the warping function. The bottom row of brains shows
the average scaling factors for regions whose scaling factors were significantly different from
1 (P < 0.05, t-test, uncorrected). Brains are shown for theta and high gamma.
that were significantly different from 1 (P < 0.05, uncorrected).
To ensure that the algorithm was not biased towards scale factors less than 1, we
repeated the analysis reversing the roles of encoding and retrieval. Now, the average
encoding trace was warped to best match the retrieval trace from 0 to 2 sec. This
yielded a result consistent with the interpretation of the previous result. In this case,
the mean scale factors across subjects for theta and high gamma were 1.07±0.03 and
1.09 ± 0.03, respectively. The mean scale factors were significantly different from 1
(Theta: P = 0.016, t-test. High gamma: P = 0.002, t-test).
Our results demonstrate that on average, spectral dynamics are replayed on a
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faster timescale during retrieval. We found that the speedup occurred for both theta
and high gamma frequency bands. It is particularly interesting to note where the
significant speedups are occurring in both frequency bands. For both theta and high
gamma, we see a significant speedup in the left prefrontal cortex. For theta, we see
speedups in the inferior temporal gyrus, and for high gamma, we see speedups in the
frontal lobes. It is also worth noting that there are many brain regions that show
replay of encoding activity during retrieval on the same timescale. Furthermore, there
are a few regions that show a replay of activity on a slower timescale during encoding.
It may be the case that the regions that show a speedup of activity during retrieval
are memory specific regions. During both encoding and retrieval, words are presented
on the screen and must be read. The visual processing of words should occur on
roughly the same timescale during encoding and retrieval. During retrieval, however,
there is a single cue word that needs to be read, while during encoding, there are two
words that need to be read. This could potentially account for some of the speed
differences along the ventral processing pathway. Additionally, during encoding, the
memory relevant areas in the left temporal and prefrontal cortices are activated during
the later encoding period, presumably after the pair of words has been read and is
being stored into memory. During retrieval, the cue causes the reactivation of these
regions, which may cause them to be activated more quickly during retrieval compared
to encoding. One additional observation is that we see a slower timescale of activity
in some speech motor areas during retrieval. This may occur because subjects may
be saying the pair of words to themselves as the words are shown on the screen during
encoding. This would occur early in the encoding period, activating speech motor
areas. During the later retrieval period, when the response is given, there is strong
activation of the speech motor areas. This pattern of activity may explain the regions
that show slower timescales of activation during retrieval.
Many previous studies have investigated the replay of neural activity in rodents as
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it pertains to memory formation and retrieval [9,11,14]. These studies have primarily
focused on hippocampal microelectrode recordings and have shown many examples of
replay of neural spiking activity occurring on a faster timescale. It is not clear whether
there is an underlying common mechanism between hippocampal spiking replay and
the cortical spectral power replay we observe in this study. Further investigation is
required to fully answer the question of why different brain regions show different
time scaling factors. Additionally, future investigation is required to see if there are
any behavioral correlates to the timescale on which retrieval occurs.
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8 Reinstatement of Mutual Information Networks
We have explored the reinstatement of spectral power, and now we will investigate the
functional connections that underlie these distributed patterns of spectral power, and
whether the patterns of communication themselves are reinstated between memory
encoding and retrieval. If distributed patterns of neural activity are reactivated dur-
ing successful recall, and functional connections serve to bind neural activity across
regions, then we hypothesized that such communication underlies the formation and
reinstatement of these association networks. Among the several challenges in the
study of human brain networks, however, are both how functional connections should
be identified and how they should be interpreted. This challenge may limit any mean-
ingful interpretations of functional connectivity in the context of memory encoding
and retrieval.
Our approach in addressing this challenge capitalizes on an important feature of
functional connections that mediate communication in the human brain. Whether
through direct or indirect synaptic connections, changes in local field potential signals
coordinated across regions, or even the propagation of electric fields, communication
between brain regions must occur through a physical connection of some kind [3,15].
Importantly, the constraints associated with any physical connection imply that the
time required for communication should be well defined and preserved. Every time
information is conveyed from one point to another, it should take approximately
the same amount of time to do so. Hence, one plausible requirement for identifying
a functional connection between brain regions is that the communication between
them occurs with a consistent time delay. Here, we investigate these functional con-
nections in iEEG recordings during the paired-associates verbal memory task. Using
the temporal precision afforded by iEEG, we used time-lagged mutual information
(MI) to identify functional connections in the human brain that exhibit a consistent
and significant increase in MI with a specific time delay. Mutual information (MI) is
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attractive in that it captures all temporal relations between two brain regions [23],
and is agnostic to the particular neural mechanism underlying how those regions are
communicating. Each significant connection identified in this manner is therefore
defined by its latency, its direction, and the consistency of its communication at that
latency. We examine these identified functional connections, how these connections
mediate communication during memory encoding, and how such communication is
reinstated during retrieval. Our data provide novel insights into the network mecha-
nisms that bind distributed patterns of neural activity during memory formation and
retrieval.
8.1 Mutual Information Methods
To identify functional connections between electrode pairs, we first estimate the mu-
tual information between iEEG signals captured at every electrode. We divide voltage
values from each iEEG trace during one second epochs into discrete voltage bins and,
for every electrode pair, estimate the joint and marginal probability distributions
of voltages to calculate mutual information (MI). We repeat this for all one second
epochs in a 30 second block of resting state data (98% overlap, 20 msec step size),
and define the mutual information for that electrode pair as the average of all MIs
from all one second epochs during that block. In order to determine whether any one
pair of electrodes exhibits a significant functional connection, we then examine how
the calculated MI between electrode pairs depends on the time lag between them.
Within every block, we repeated our calculation of MI for every electrode pair, this
time using the iEEG signal from one electrode and the iEEG signal from the other
electrode captured at a different temporal delay. For every electrode pair, we there-
fore calculated the relation between MI and temporal delay for all temporal delay
from -250 msec to 250 msec. The temporal delay that exhibits the maximum MI
reflects the preferred latency and direction for that connection, and the magnitude of
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MI at that preferred latency reflects how consistent that the increase in MI for that
connection is at that temporal delay.
All electrode pairs exhibit some preferred latency using this approach. Impor-
tantly, however, we are interested in identifying only connections with a temporally
consistent and significant increase in MI at a single preferred latency, which would
suggest a significant functional connection between two brain regions with a specific
time delay. Hence, for each subject we define a global threshold for the magnitude of
MI at the preferred latency that corrects for multiple comparisons across all electrode
pairs (Bonferroni). This threshold directly reflects how temporally consistent the
communication between any pair of electrodes must be in order for their functional
connectivity to be considered significant. We only consider electrode pairs with a
magnitude of MI at its preferred latency that exceeds this threshold as functionally
connected. Most electrode pairs exhibit an MI that does not exceed this threshold,
suggesting that there is no consistent temporal relation between them, and we define
those pairs as unconnected. In this manner, we only focus any analyses regarding
network communication on electrode pairs that exhibit a significant functional con-
nection with a consistent and preferred latency and direction during the resting state.
Having established the presence of electrode pairs that demonstrate significant
MI at consistent latencies, we next build functional networks using only these func-
tional connections for each participant. In our previous work, we have shown that
functional networks constructed in this manner exhibit significant stability in their
connections over multiple time scales. If two electrode pairs are functionally con-
nected during one period of time, it is very likely that the same connection will be
present minutes, hours, and even days later, reinforcing the suggestion that these
functional connections reflect true physical connections between brain regions. It is
important to note, however, that if an electrode pair exhibits a significant functional
connection, the magnitude of mutual information between them is not constant across
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all time. While on average, that electrode pair will exhibit an elevated level of MI
(at that defined preferred latency), the level of MI between the two electrodes itself
also exhibits temporal fluctuations. Indeed, an electrode pair with a true functional
connection exhibits periods of time when MI is elevated and other periods when it is
not, suggesting that the communication between regions effectively turns on and off.
The time course of this communication in our identified functional connections forms
the basis of subsequent analyses. We have previously demonstrated that distributed
patterns of spectral power are indeed reinstated from memory encoding to memory
retrieval. Here, we use a similar metric to assess the extent to which distributed
patterns of functional connectivity are reinstated between encoding and successful
retrieval. To assess the reinstatement of these communication networks, we compute
MI for every identified electrode pair (using that pair’s preferred latency) during slid-
ing 1000 msec temporal windows, stepped every 100 msec, for all time points following
word presentation during the encoding period, and for all time points prior to vocal-
ization during the recall period. In this manner, across all identified electrode pairs,
we construct a representation of communication for every time epoch during encod-
ing and retrieval. Following our approach analyzing similarity in spectral power, we
assess the similarity of this multidimensional representation of network communica-
tion between all encoding and recall times in order to assess whether these functional
network interactions are also reinstated during successful recall.
8.2 Mutual Information Results
We performed the analysis on 9 subjects that participated in the paired associates
task. The reinstatement maps averaged across subjects are shown in Figure 21. Three
individual subjects are shown in Figure 22. The patterns of MI reinstatement that
we see are strikingly similar to the patterns of theta power reinstatement. For each
subject, the reinstatement map was computed for both theta power and MI, the two-
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dimensional maps were vectorized, and the Pearson correlation was computed between
them, showing a strong correlation (R = 0.63±0.053). This suggests that MI is closely
related to theta power, and this warrants further investigation. Using the methods we
described, we were able to identify stable network connections that exhibited specific
time lags. If mutual information is closely related to theta power, then the task related
changes in MI that we observe are likely occurring on a different timescale than the
changes in MI that were used to identify the stable network connections. This is
because the changes in MI that are used to identify stable networks are sensitive to
time lags on the order of 10ms. The task related changes in theta and MI that we see
are occurring over seconds. Therefore, it is difficult to interpret the meaning of the
MI reinstatement result. There remain many open questions about the brain network
connectivity during memory encoding and retrieval.
Correct Trials
Retrieval Time (s)
































-0.02 0 0.02 0.04 0.06
Correct Trials
Retrieval Time (s)



































Figure 21 (A) Reinstatement map for correct and incorrect trials showing reinstatement
of state vectors defined by mutual information. Time 0 corresponds to presentation of the
pair/cue in encoding/retrieval. (B) Reinstatement map for correct and incorrect trials for
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Figure 22 (A) Reinstatement map for correct and incorrect trials showing reinstatement
of state vectors defined by mutual information for a single subject. Time 0 corresponds




Our data demonstrate that reinstatement of a drifting neural representation of tem-
poral context occurs during successful memory retrieval with precise spatiotemporal
dynamics. Our approach capitalizes on the sensitivity of examining multivariate ac-
tivity [37] and extends previous work in several ways. We demonstrate that patterns
of spectral power distributed across multiple spatial locations and multiple frequency
bands gradually change over multiple time scales. By examining trial specific rein-
statement during correct and incorrect memory retrieval, we show that during suc-
cessful retrieval this neural signal is recovered, providing direct evidence of mental
time travel hypothesized to underlie episodic memory formation [2,18,38,41,49]. We
subsequently identify the precise contributions of separate anatomic locations and fre-
quency bands to neural reinstatement both in individuals and across our population
of participants. We found that successful neural reinstatement is largely mediated by
cortical high gamma activity that precedes theta activity in the temporal lobe during
encoding, but this difference in timing is absent during retrieval.
One requirement of the hypothesis that successful retrieval involves mental time
travel is that the neural representation of context gradually changes with time [13,18,
41]. Consistent with this, we found that distributed patterns of spectral activity ex-
hibited a slow temporal drift across multiple time scales. Temporal autocorrelations
have traditionally been attributed to the statistical properties of complex neural sig-
nals, including resting state functional imaging [51], scalp and intracranial EEG [30].
But one possibility is that these correlations actually reflect a slowly changing rep-
resentation of temporal context shaped by both external inputs and a continuously
changing internal state [13, 49]. This representation should be accessed by the brain
if mental time travel governs memory formation and retrieval [21,41].
Hence, the second requirement of the mental time travel hypothesis is that retrieval
recovers this gradually changing signal [18,41,49]. By comparing reinstatement dur-
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ing correct and incorrect retrieval, our findings build upon recent evidence that trial
specific reinstatement of this neural representation of temporal context occurs during
successful retrieval [20, 32]. If successful retrieval is associated with the recovery of
a temporal context representation, then we would expect to find a graded decrease
in reinstatement as retrieval periods were paired with encoding periods separated by
longer time intervals in both the forward and backward direction [18,20,41]. Consis-
tent with this prediction, our data demonstrate a contiguity effect for correct trials
within lists. Because the list length used here was only four items, drawing signifi-
cant conclusions using only correct trial contiguity is limited and raises the possibility
that the observed effects may just reflect the reinstatement of content rather than
context [41]. However, we also found that incorrect trials, used here as a control
condition, exhibited similarity that was principally shaped by the drifting temporal
context representation itself and not by the recovery of this signal. Hence, by directly
comparing reinstatement contiguity between correct and incorrect trials, our data
are consistent with the hypothesis that the reinstatement of temporal context occurs
during correct retrievals, and suggest that an underlying component characterized by
temporal drift is evident and unmasked during incorrect trials.
Although we demonstrate a significant difference in reinstatement between cor-
rect and incorrect trials, one concern is that the observed differences in reinstatement
arise as a result rather than a cause of successful retrieval [44]. While our exper-
imental paradigm offers some control over when reinstatement and retrieval occur,
our data are unable to explicitly distinguish causality between one and the other. A
second possible confound in these data is that neural features responsive to visual
presentation, activated both during encoding and retrieval, underlie reinstatement,
and that the observed differences between correct and incorrect trials arise solely
from differences in response time distributions. We note, however, that when locked
to cue presentation when response time differences do not affect reinstatement, we
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also observe significant differences in reinstatement (Fig. 15). We corrected for the
possible confounds associated with visual responses and confirmed that a significant
component of the observed reinstatement is separately mediated by memory encoding
and retrieval mechanisms (Fig. 16).
We found significant differences in reinstatement when we examined distributed
patterns of spectral power, but our analysis also enables us to investigate how individ-
ual spatial locations and frequencies contribute to reinstatement. We found that the
largest frequency contributions to cortical reinstatement arose from theta and high
gamma frequencies, consistent with the role these frequency bands play during mem-
ory encoding and retrieval [17,46]. Within these frequency bands, we found that the
greatest anatomic contributions arise from the temporal and occipital lobes, although
the ventrolateral prefrontal cortex and the right temporo-parietal junction were also
involved. These contributions are also not unexpected, as temporal lobe regions have
been implicated in verbal memory processes, and temporal and prefrontal regions
may be involved in maintaining temporal context [8, 21].
Previous studies that provide empiric support for neural reinstatement have not
investigated the temporal dynamics mediating this process [7, 10, 42, 47]. We build
upon these studies, as the intracranial recordings we use here enable us to examine
neural reinstatement with high temporal precision across multiple frequency bands.
Hence, the timing of reinstatement can inform us about the timing of encoding and
retrieval processes that are particularly relevant for successful memory formation.
Notably, we found that reinstatement associated with each frequency band emerges
in a temporally precise manner. When both theta and high gamma frequencies were
involved in reinstatement in a single location, we found that the difference in timing
between encoding theta and high gamma activity was significantly greater than the
difference during retrieval. These data provide evidence that memory relevant spec-
tral power within individual cortical locations during encoding may be compressed
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in time during retrieval. One possibility may be that theta and high gamma activ-
ity coordinate separate processes relevant for memory, such as attention or semantic
processing, and that these processes occur separately in time during encoding and
simultaneously during retrieval. However, another possibility is that the observed
temporal compression complements previous studies suggesting that retrieval reacti-
vates internal representations of an experience on a faster timescale than the original
experience [6, 9]. We quantified the differences in the timescales of spectral activ-
ity during encoding and retrieval and showed that on average, both theta and high
gamma power exhibit activity on a faster timescale during retrieval, which supports
this hypothesis.
Together, our data demonstrate that successful retrieval is associated with rein-
statement of a gradually changing temporal context representation, providing direct
evidence of mental time travel. Furthermore, individual patterns of spectral power
contribute to overall reinstatement and exhibit their own time course of activation
during encoding and retrieval. It is notable that, given the observed temporal vari-
ability of individual frequency bands and spatial locations, averaging across all neural
features still demonstrated significant differences in reinstatement between correct
and incorrect trials across participants. Neural reinstatement may actually be much
stronger than our analysis would suggest and it is possible that if all frequencies and
spatial locations involved in encoding and retrieval were selectively chosen, neural
reinstatement would be observed with higher fidelity (Fig. 17). We also present some
preliminary evidence that the underlying functional connectivity networks are rein-
stated between encoding and retrieval. Taken as a whole, our data suggest that these
distributed patterns of activity are coordinated to create a representation of temporal
context which is then recovered during the retrieval of a coherent memory trace.
There are a number of ways this work may be extended. Firstly, the analysis
showing a reinstatement of temporal context (Fig. 11) only considers item lags from
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−2 to 2. A version of the paired associates task with more pairs per list would allow
for that analysis to be extended to larger item lags in order to verify our findings.
Secondly, our results indicate that there is a pair specific representation in the neural
data. A task in which there are multiple presentations of the same pairs would allow
us to explicitly measure the pair specific representations. Both of these projects are
underway.
Ultimately, we would like to use the results from this study to build a stimulation
paradigm that could improve memory performance in patients with memory disorders.
This study provides insight into the patterns of spectral activity that are biomarkers
of successful memory encoding and retrieval. The long term application of this study
is to develop a stimulation protocol that drives patterns of spectral activity in specific
brain regions at specific times to improve memory function.
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